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Abstract

In-ear wearables, called Hearables, have been intro-
duced for the monitoring of several physiological signals,
inter alia ECG. However, in-ear ECG has a smaller ampli-
tude and lower signal-to-noise ratio than standard ECG,
which makes it difficult to automatically detect R peaks
with standard algorithms. The solution for these problems
can be the use of specially designed R-peak detectors, such
as a Deep matched filter (DMF). The DMF is a deep neu-
ral network model designed to search for matches with an
ECG template pattern in the input signal. The DMF oper-
ates as a neural network Matched Filter, trained to analyse
in-ear data. In this study, we deploy the DMF in mobile
application for online R-peak detection from in-ear ECG.
We transfer the DMF into the Android mobile application.
We conduct a computation time estimation for the imple-
mentation and analysis of DMF vulnerability to various
types and levels of artefacts that can disturb ECG signal.
We found that the baseline wander artifacts slightly impact
the model’s performance. Motion electrode and muscle ar-
tifices disturbed the model’s sensitivity and positive predic-
tive value (PPV) when signal to noise ratio drop bellow 6
dB. The average time of the single feed-forward model run,
analysing 2 seconds of an ECG, on Samsung Galaxy Tab
S8 was 7.46 ms. The model can be used for online detec-
tion of R-peaks in ear-ECG.

1. Introduction

In-ear wearable devices called Hearables, are small,
comfortable, and discrete. They have been introduced for
the monitoring of physiological signals including the elec-
troencephalogram (EEG) [1], electrocardiogram (ECG)
[2], and photoplethysmogram (PPG) [3]. However, in-ear
ECG has a smaller amplitude than standard ECG [4], and
a lower signal-to-noise ratio which makes it difficult to au-
tomatically detect R-peaks with standard algorithms [5].
Performance of automatic heartbeat detection algorithms
is subjected to low signal-to-noise ratio [6]. Specifically,
when the signal-to-noise ratio falls below 5 dB, the detec-
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tion of R-peaks is considered unreliable [7]. Moreover,
wearable devices are intended to be used during regular
daily activities (walking, working, cooking etc.), which
makes the Hearables signals collected by them, prone to
increased presence of artifacts due to the subject move-
ments. Even when poor quality or corrupted data are ex-
cluded from analysis, the accuracy of R-peak detectors ap-
plied for ambulatory data is worse than for data acquired
in clinics [8]. Overall, the performance of R-peaks detec-
tors decreases when they are applied to ambulatory data,
compared to the case when the same detectors are applied
to data acquired by physicians [9]. Georgiou et al. [10]
emphasise that so far wearable devices can only be used as
a surrogate for heart rate variability at resting or mild exer-
cise conditions, as their accuracy fades out with increasing
exercise load.

The solution for these problems may be the use of spe-
cially designed R-peak detectors such as a Deep matched
filter (DMF), introduced by Davies et al. [11]. The DMF
is a deep neural network model designed to search for
matches with an ECG template pattern in the input signal.
The DMF operates as a neural network based Matched Fil-
ter, trained to analyze in-ear data. The DMF showed higher
median R-peak sensitivity (94.9%) and PPV (91.2%) than
the conventional matched filter (62.3% and 67.0% respec-
tively) and the Matched Filter Hilbert Transform (79.5%
and 83.4%) in leave one-subject-out-cross validation per-
formed on actual in-ear ECG signals acquired on 36 sub-
jects,with an age range of 18-75 [11].

In this study, we used the DMF in a mobile tablet de-
vice for online R-peaks detection in in-ear ECG. We im-
plemented the DMF on the Android mobile application,
designed for acquired data from the BioBoard, a multi-
sensors hearable platform developed in our lab. We per-
formed computation time estimation of the implementa-
tion and analysis of DMF vulnerability to different types
and levels of artefacts that disturb the ECG signal.

2. Deep Matched Filter

The DMF represents a combination of the encoder-
decoder model and R-peak detector. The DMF was built in
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two stages: first the encoder-decoder structure conssists of
1D convolutional layers, which was trained to transfer in-
ear signal into ECG. In the second step, the R-peak detec-
tor on top of an encoder stage was trained. R-peak classi-
fier stage includes a single-layer 1D convolution, followed
by a Sigmoid activation function, flattening, and a linear
output layer (Fig. 1). The DMF was previously trained
using a separate dataset [11], we did not modify model
weights.

The DMF is a PyTorch model created in Python, and
must be prepared to work in a mobile application with Py-
Torch Lite interference. To do that a model must be se-
rialized, optimized for mobile devices, and saved as Py-
Torch Lite model [12]. The procedure is described on
the PyTorch website: https://pytorch.org/mobile/android/
(accessed 07.11.2023). In the mobile application we em-
ployed the detector part of DMF, which combines the en-
coder stage of the Deep Matched filter structure and R
peaks classification layer (Fig. 1). The DMF PyTorch Lite
model was stored inside the mobile application.

The DMF model execution pipeline can be divided into
three stages: pre-processing, model running and post-
processing (Fig. 2). In the pre-processing stage, sig-
nal filtering and data buffering are performed. We used
IIR filter library (named iirj), available in the GitHub
repository: https://github.com/berndport/iirj.git (accessed:
07/11/2023) to implement bandpass and highpass filters.
The library provides high-level API for filter design and
filtering. We used three Butterworth filters: bandpass filter
with cut-off frequencies 1 and 45Hz, bandpass filter from
1 to 5Hz and highpass filter with cut-off frequency of 1Hz.
All filters have order = 4.

In the model-running stage, the input supplied to the
DMF consists of a tensor with a size of (1, 3, 500) sam-
ples, with 500 samples originating from each filter. The
DMF is trained to process signals at a sampling frequency
of 250Hz, allowing it to analyze two seconds of record-
ing in a single run. Nevertheless, the BioBoard records
ECG signals at a sampling frequency of 500Hz. Resam-
pling procedure was used to align the sampling frequency
of ECG signal from our Bioboard (500Hz) and the DMF
(250Hz). Subsequently, post-filtering, we retained only ev-
ery other sample in circular buffers for each filter.

Davies et al. [11] introduced a mechanism of overlap-
ping similar to Welch’s method for spectrum estimation.
They split a recording into overlapping segments of 500
samples, with a segment shift of 50 samples: the first seg-
ment contained samples from 1 to 500, the next segment
from 51 to 550 and so on to the end of recording. Multiple
results from overlapping runs for the same sample, were
averaged and became DMF output. The overlapping mech-
anism reduced impact of sample position on the results,
otherwise, the QRS complex migh QRS complex may be
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Figure 1. Deep Matched Filter structure; model includes
convolution layers of the encoder decoder structure and the
R-peak detector with convolution and fully connected lay-
ers.
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Figure 2. Stages of DMF model pipeline. In the pre-
processing stage signal filtering and data buffering are per-
formed; when the required number of samples are pro-
vided, defined by the segment shift parameter, the model
run is performed. In post-processing Multiple results from
overlay runs for the same sample are averaged and became
DMF output.

split between two consecutive runs, and do not match the
template. In the implementation, we made segment shift
an adjustable parameter, set by a user in the application.

To run the PyTorch model in the Android application we
used the PyTorch Android Lite library in version 1.13.1.
The PyTorch Lite provides interference to load and run the
prepared model. During the model run, input tensor was
built from normalized filtered signals, then the forward run
of the model was executed, and results were stored inside
Float array. The results of the model run output were aver-
aged in the post-processing stage (Fig. 2).

3. Method

We evaluated the computational time of the model run
during 60-second recordings of ECG signal. We measured
the computation time of different stages of the algorithms:

Page 2



pre-processing, model run and post-processing (Fig. 2).
To measure the computation time of DMF on Android we
used System.nanoTime() function.

In this study, we used the Samsung Galaxy Tab S8 with
Qualcomm SM8450 Snapdragon 8 Gen 1 chipset, Adreno
730 GPU, with Android 13. The chipset contains an Al
engine for the fast processing of Al tasks.

Next, we assessed impact of common artefacts in ECG
(baseline wander, muscle artefacts, and electrode motion
artefacts) on the DMF performance. We evaluated DMF
on artificial data, with a controlled level of signal-to-
noise ratio (SNR). To generate data, we followed a pro-
cedure of creation of noisy recording described in mit-bih-
noise-stress-test-database-1.0.0 [13]. We utilized record-
ings labelled 118 and 119 from the MIT-BIH Arrhyth-
mia Database [14] and we used nst program from WFDB
Toolbox to generate recordings with calibrated amounts of
noise (SNR=24,18,12,6,0 and -6 dB); we used recordings
of noise from MIT BIH noise stress test database (original
database contains recordings only disturbed with electrode
motion artifacts but now with baseline wander and muscle
artifacts). The nst program adds noise beginning after the
first 5 minutes of each record, during two-minute segments
alternating with two-minute clean segments. In our anal-
ysis of detector performance, we used only segments of a
record with added noise.

In our study, we define successful R-peak detection as
peaks in the DMF output that exceed an amplitude of 0.15.
A detection is classified as a true positive if it occurs within
a 100 ms window (either before or after) the QRS anno-
tation in the original recording. Additionally, to investi-
gate whether decreasing the segment size can enhance the
DMPF’s performance, we conducted repeated DMF evalua-
tions, each time using a different segment shift parameter.

4. Results

The average time of the whole analysis on the device
was 7.46 ms. The DMF model run took 74% of time
(5.515 ms); post-processing and aggregate results took al-
most 26% of run time (1.938ms); pre-processing, flirta-
tions, and storing samples in buffers took only 0.007 ms.

The segment shift parameter defines how many the
model runs results will be averaged to obtain the final out-
put. Fig. 3 shows sensitivity and positive predictive value
of DMF in the function of segment shift. The overall per-
formance of the model slightly increased when segment
shifts decreased. The sensitivity and PPV of DMF some-
what decreased when baseline wander artefacts were ap-
plied. In that case when SNR decreased from 24 to -6 sen-
sitivity decreased from 0.87 to 0.81 and PPV from 1.00
to 0.96. Muscle artifacts and electrode motion artefacts
affected the performance of the model. In the case of elec-
trode motion artefacts sensitivity decreased from 0.87 to

A. B‘aseline wander

1 s .
SNR=0, 12,18, 24dB e s —
| 0.9
0.8 o T ——
2z SNR=6,6dB ™~ ¢ °¢
> * 0
= w07
2 8 06
5 3
I ['%
wo4d 05
02 0.4
0 100 200 300 400 500 ) 100 200 300 400 500
Segmentshift[samples] Segment shift [samples]
B. I%Igctrode Motion Artifacts
| SNR=12,18, 24dB . " 'SNR=12,"18, 2408
. in—«— e *7,,#“\‘ 0.9 SNR=6dB
0.8
Zz SNR=60B - )
o5 o7 SNR=04B
I - - £os
D04 SNR=0dB Qs
02 fowssi—i——— 04 "SNR=60B
0.3
0 100 200 300 400 500 ”0 100 200 300 400 500
Segmentshift[samples] Segment shift [samples]
C. Muscle Artifacts
SNR=12,18, 24dB [ "SNR=12718, 24dB"
ReE8E ke 3 0.9
08 f T X SNR=6dB
= SNR=6dB . Y e —— o
£ * g SNR=0dB
So06f & 0.7
g | N __ SNR=0dB e U
s | —— Qos SNR=508
D 04r SNR=6dB e s
oo ————————
02 0.4

100 200 300 400 500 0 100 200 300 400 500
Segmentshift[samples] Segment shift [samples]

Figure 3. Sensitivity (on the left) and positive predictive
value (right side) of DMF as a function of segment swift
parameter for different signal to noise levels and artifacts
type: A. Baseline wander, B. Electrode motion artifacts
and C. Muscle artifacts.

0.19 and PPV from 1.00 to 0.44 respectively. For muscle
artifacts, sensitivity decreased from 0.87 to 0.30 and PPV
from 1.00 to 0.64 (segment shift = 50).

5. Discussion

Implementing a neural network model developed in Py-
Torch into a mobile application via PyTorch Lite was rela-
tively straightforward. This framework offers a high-level
API for executing neural network models. Programmers
are required to write specific procedures for preparing the
input data and handling the output. Additionally, the An-
droid system includes a Neural Networks API that supports
hardware-accelerated inference, compatible with PyTorch
Lite. According to Google, this neural network runtime on
Android devices is capable of efficiently distributing com-
putational tasks across the device’s processors. This in-
cludes specialized neural network hardware, graphics pro-
cessing units, and digital signal processors.

The Samsung Galaxy Tab S8 provides enough compu-
tation power to run the DMF in real-time. Without any
changes, the DMF can be run 134 times per second, this is
enough to perform model run overlapping, with minimal
value of segment shift parameter set as 2.

Reduced segment shift parameter results in an improve-
ment of the DMF performance (Fig. 3), but it also in-
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creased computational workload. Reducing the parame-
ter to below 50 samples provided a marginal increase in
DMF’s sensitivity and PPV but it also slightly increased
average computation time. On the other hand, increasing
the segment shift to above 300 samples resulted in a drop
in model performance.

The DMF sensitivity is lower than PPV for given SNR
(Fig. 3), which indicates that the model rather misses R-
peak deductions than provides an extra one. In this study,
we used simple constant threshold peak detection. The
model performance may be improved by the use of an
adaptive threshold, and look-back mechanism, similar to
that used in the Pan-Tompkins algorithm.

The DMF dealt well with baseline wander artefacts.
Reduced SNR in that case slightly affected the perfor-
mance of the detector. Regrettably, the DMF’s perfor-
mance dropped for electrode motion artefacts and mus-
cle artefacts in the case of SNR 6 dB and below. Since
the DMF is based on a neural network model and requires
training, the performance of the model may be improved
by retraining the model with artificial noise recording.

There are some possible improvements of the DMF. Fur-
ther optimization of the DMF may reduce the size, mem-
ory footprint and computation time of the model. Stan-
dard strategies for a neural network model optimization,
reduction of model complexity without losing of its ac-
curacy, include removing small weight connections (prun-
ing) and quantization, reduction of the number of bits that
code weights [15]. Another way of improving model per-
formance and reduction of its size can be achieved using
loss functions dedicate to the task. Brophy er al. [16]
trained ECG artefact removal network, based on convolu-
tional layers, with loss function defined as a sum of mean
square errors for the whole signal and means square er-
ror calculated only for QRS parts of the signal. The re-
searchers founded that the output SNR improved by 0.5
dB when compared to the standard mean square error func-
tion. Additionally, their custom function enabled a reduc-
tion of the neural network’s weights by nearly 1,500 times.
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